Quantum noise is common in CT images and is a persistent problem in accurate ventilation imaging using 4D-CT and deformable image registration (DIR). This study focuses on the effects of noise in 4D-CT on DIR and thereby derived ventilation data. A total of six sets of 4D-CT data with landmarks delineated in different phases, called point-validated pixel-based breathing thorax models (POPI), were used in this study. The DIR algorithms, including diffeomorphic morphons (DM), diffeomorphic demons (DD), optical flow and B-spline, were used to register the inspiration phase to the expiration phase. The DIR deformation matrices (DIRDM) were used to map the landmarks. Target registration errors (TRE) were calculated as the distance errors between the delineated and the mapped landmarks. Noise of Gaussian distribution with different standard deviations (SD), from 0 to 200 Hounsfield Units (HU) in amplitude, was added to the POPI models to simulate different levels of quantum noise. Ventilation data were calculated using the V algorithm which calculates the volume change geometrically based on the DIRDM. The ventilation images with different added noise levels were compared using Dice similarity coefficient (DSC). The root mean square (RMS) values of the landmark TRE over the six POPI models for the four DIR algorithms were stable when the noise level was low (SD <150 HU) and increased with added noise when the level is higher. The most accurate DIR was DD with a mean RMS of 1.5 ± 0.5 mm with no added noise and 1.8 ± 0.5 mm with noise (SD = 200 HU). The DSC values between the ventilation images with and without added noise decreased with the noise level, even when the noise level was relatively low. The DIR algorithm most robust with respect to noise was DM, with mean DSC = 0.89 ± 0.01 and 0.66 ± 0.02 for the top 50% ventilation volumes, as compared between 0 added noise and SD = 30
and 200 HU, respectively. Although the landmark TRE were stable with low noise, the differences between ventilation images increased with noise level, even when the noise was low, indicating ventilation imaging from 4D-CT was sensitive to image noise. Therefore, high quality 4D-CT is essential for accurate ventilation images.
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Introduction
In radiotherapy, four-dimensional computed tomography (4D-CT) is often used in treatment planning for moving targets, including lung cancer (Flampouri et al 2006 , Underberg et al 2004 , Ford et al 2003 , Jiang 2006 . The main reasons are to generate the internal target volume (ITV) for treatment planning (Underberg et al 2004) and/or to calculate the dose to the moving target (Flampouri et al 2006) . For the latter, deformable image registration (DIR) is often applied. DIR is also used in adaptive treatment planning when dose is accumulated on different CT data sets (Foskey et al 2005 , Lu et al 2006 , Zhang et al 2010 . Proposals have been made to use 4D-CT and DIR to generate lung ventilation images (Guerrero et al 2005 , Reinhardt et al 2007 , Zhang et al 2009 , 2011b . Promising results were reported (Ding et al 2012) in comparing the ventilation data obtained by this new technology with more traditional methods. One possible application of ventilation images is the avoidance of functional lung volumes during radiotherapy (Shioyama et al 2007) .
However, CT image artifacts could affect DIR and thus the subsequent structure (Wijesooriya et al 2008 , Zhang et al 2008b and dose (Zhang et al 2011a) mapping. Therefore it is imperative to know how noise in CT images affects DIR. Quantum noise is inherent in CT because of the nature of x-ray imaging. The most straightforward way to improve the signal to noise ratio is to increase the radiation dose to the patient, which has its own detriments. Many groups are working on high quality 4D-CT imaging with reduced radiation dose (Li et al 2005 , Tian et al 2011 .
The previous study demonstrated that the noise level similar to that in cone-beam CT would not affect the accuracy of contour mapping using DIR (Murphy et al 2008) . However, since the contours are usually drawn at the intensity interface, it is possible that below a certain level of noise, the accuracy with which the DIR algorithms find the interface would not be affected. As the accuracy of ventilation calculation using DIR depends on the accuracy of mapping all the voxels, not only the ones at the intensity interface, the noise may have higher impact on the accuracy of the calculated ventilation distribution. This study focuses on the effects of quantum noise in 4D-CT on DIR and the derived ventilation data.
Materials and methods

The POPI model
The 4D-CT data with delineated point landmarks, called point-validated pixel-based breathing thorax models (POPI) (Vandemeulebroucke et al 2011) , were built specifically for the DIR validation purposes. A total of six 4D-CT data sets are included in the POPI models. The image voxel size in POPI models is about 1 × 1 × 2 mm 3 . For those, on each 4D-CT phase there are 100 to 113 corresponding point landmarks. Figure 1 shows the expiration phase of case 1 of the POPI models with landmarks. 
DIR algorithms
There are many different DIR algorithms used in research and clinical applications. In this study, diffeomorphic morphons (DM) (Janssens et al 2009 , Wrangsjö et al 2005 , diffeomorphic demons (DD) (Janssens et al 2009 , Wang et al 2005 , optical flow (OF) (Zhang et al 2008a (Zhang et al , 2008b ) and B-spline (Klein et al 2010 , Yin et al 2009 methods were evaluated. DD is based on the matching of gray levels, DM is based on the matching of edges and lines and OF is an intensity gradient based DIR algorithm. DM and DD are implemented in MATLAB. OF was programmed in C++ and run with DOS commands. The B-spline program ELASTIX (http://elastix.isi.uu.nl) was used.
Each of these DIR algorithms was used to register the end inspiration phase (0%) to the end expiration phase (50%) of the POPI models. Multi-resolution feature was applied in all registrations. The final grid spacing in B-spline registration was set at 3 voxels as smaller spacing resulted in large target registration errors (TRE), while the final resolution used for the other three DIR methods equaled that of the CT images. The other parameters used in the B-spline registration were the same as used by Ding et al (2010) which can be found at http://elastix.isi.uu.nl/wiki.php. Mutual information was used as the objective function in all the DIR algorithms.
The resulting deformation matrices were used to map the landmarks from the expiration to inspiration phase, and the mapped landmarks' coordinates were compared to those of the delineated landmarks on the inspiration phase. TRE was calculated as the distance error between the delineated and the mapped landmarks,
where ( 
Image noise
Mathematically, the amplitude of the quantum noise closely follows a Poisson distribution, which can be approximated by a Gaussian when the count is large (Herman 1980) . Although the quantum noise occurs in the raw projection data, simulating its effects can be simplified by introducing it directly to the reconstructed image, following some linear attenuation corrections (Herman 1980) . In this study, a computer program in C language was developed to add noise with normally distributed amplitude and varying standard deviation (SD), between 0 and 200 Hounsfield units (HU), to the POPI models, to simulate different levels of quantum noise. Figure 2 shows the Gaussian noise amplitude distributions with various SD values in water. For each voxel, the noise amplitude is chosen randomly from the appropriate Gaussian curve. The image pairs of 0 and 50% phases in each POPI model with the same added noise level were used for the DIR and ventilation calculations.
Ventilation calculation
Ventilation calculations using the 4D-CT data were performed using the V, or direct geometric algorithm , Zhang et al 2009 , 2011b . The V algorithm calculates ventilation, defined as V/V, where V is the local volume change from expiration to inspiration and V is the local volume at expiration, based on the deformation matrix. The deformation matrix from DIR gives the new locations of the vertices which define the deformed volume of each cuboid defined by voxels at expiration. The deformed volume is a 12-face polyhedron which can be divided into six tetrahedrons. The volume of the polyhedron is the sum of the volumes of the six tetrahedrons. The volume of any tetrahedron is calculated by
,where a, b, c, d are the coordinates of the vertices expressed as vectors. The ventilation calculated using this algorithm is close to the one calculated using the Jacobian algorithm , Latifi et al 2013 . The deformation matrices from registrations by each DIR algorithm, with different added noise levels (SD in figure 2), were used in the ventilation calculations. The ventilation distribution was then converted to percentile ventilation distribution which is based on the percentage lung volume covered by the ventilation value , Vinogradskiy et al 2012 . The threshold ventilation images of various percentage ventilation levels were compared between the noise levels and between the DIR algorithms using the Dice similarity coefficient (DSC) (Dice 1945 , Riegel et al 2009 . If A and B are the two volumes, the DSC of those is calculated as
If A and B completely overlap, DSC = 1. If they do not have any overlap, DSC = 0. Thus the DSC value is always between 0 and 1, with the value closer to 1 indicating more similarity. In this study, DSC was calculated for ventilation volumes of top 20%, 30%, 40%, 50% and bottom 20%, 30%, 40% between the 0 added noise and added noise levels of 30, 80, 150 and 200 HU of SD, for DM, DD and OF DIR algorithms. Figure 3 shows an example of CT images with the different added noise levels. Figure 4 shows the root mean square (RMS) values of the landmark TRE over the six POPI models for the four DIR algorithms. As a reference, if no DIR is applied, the average RMS value of the distances of the corresponding landmarks between inspiration and expiration phases over the six POPI models was 9.4 ± 3.3 mm. The RMS values of the landmark TRE over the six POPI models for the four DIR algorithms are stable when the noise level is low (SD 150 HU) and increase with the added noise when the level is higher. Based on the landmark TRE analysis, the most accurate DIR is DD with the mean RMS of 1.5 ± 0.5 mm with no added noise and 1.8 ± 0.5 mm with the added noise SD = 200 HU, followed by DM with the mean RMS of 1.9 ± 0.7 mm and 2.1 ± 0.6 mm for no added noise and SD = 200 HU, respectively. Optical flow is less accurate than DD and DM with the mean RMS of 2.4 ± 1.3 mm with no added noise and 2.7 ± 1.3 mm with the added noise at the SD = 200 HU level. The worst performer was the B-spline algorithm, with the mean RMS of 3.8 ± 2.0 mm with no added noise and 3.9 ± 2.0 mm at SD = 200 HU.
Results
Landmark accuracy versus noise
A paired t-test demonstrated that the RMS value of the landmark TRE versus noise level was significantly different between any two DIR algorithms (p < 0.01).
Ventilation versus noise
Ventilation image comparison was done only with DD, DM and OF algorithms, because of the relatively poor performance of the B-spline method. Figure 5 shows the average DSC value versus added noise level for all six cases, in the volume encompassing the bottom 30% of ventilation values. Table 1 lists the average ±1 SD and range of the DSC values between the volumes with the top 50% of ventilation values, as derived from the original 4D-CT images versus the ones generated from the 4D-CT with added noise, for all six POPI models. For all the percentage ventilation levels from top 20% to bottom 20%, the DSC values between the ventilation images from the 4D-CT with and without added noise decrease with the noise level even when the noise level is low. Among the DIR algorithms used for ventilation comparisons, the least sensitive to noise is DM. The mean DSC is 0.89 ± 0.01 and 0.66 ± 0.02 for the As demonstrated in figure 6 , the DSC values decrease as the ventilation volumes used in the comparison get smaller. This decrease is more pronounced at the higher noise level. This trend holds for all the studied DIR algorithms. Figure 7 shows the average DSC of all six cases for the top 50% ventilation volumes, generated using deformation matrices from different DIR algorithms. With no noise added, the DSC values between ventilation volumes from the two DIR algorithms (DD and OF) are the highest for five out of six POPI models. This indicates that these two DIR algorithms generate the most similar deformation matrices, and thus the most similar ventilation matrices, when the best available quality 4D-CT sets are used. As the noise level increases, the DSC values for the DD-OF comparison decrease, indicating that these two DIR algorithms are affected by the noise in CT images differently. The stable DSC between the DD and DM versus noise level indicates that this algorithm pair is affected by the CT noise in a similar way. The low DSC index between DM and OF suggests that the deformation matrices generated by the two DIR algorithms are substantially different. 
Cross-comparison of the DIR algorithms
Discussion
The B-spline algorithm is the fastest one. Each registration took only about 10 min on a PC with a 3.0 GHz 2 quad core CPU, while other three algorithms took more than 4 h for each registration. However, the registration quality was the worst for the B-spline algorithm. While the least accurate, the B-spline algorithm is also the least sensitive to noise, as the TRE was stable with various added noise levels, as shown in figure 4 .
The original CT images in the POPI models already contain noise, since quantum noise is inevitable in CT data, which may be one of the major reasons that the registrations on the original data sets were not perfect. It is impossible to remove this noise from the CT data. Therefore, we could only add extra noise to the original data to investigate the registration and ventilation data sensitivity to higher noise levels that might be clinically encountered.
Clinically, the 4D-CT data are acquired in our department on a Philips Large Bore 16 slice CT scanner. The noise level in those images is similar to what is present in the POPI models. However, this study involved higher noise levels for two reasons. First, some low-dose 4D-CT settings, which have been applied clinically (Huang et al 2011) , could generate images with more noise. Second, by bracketing the higher noise levels, we can be confident that if the 4D-CT is used for contour mapping in radiotherapy treatment planning, the low-dose noisy scans would suffice. On the other hand, if the 4D-CT is used for ventilation calculations, high quality low-noise data are essential.
Although the noise in the CT projection data can be approximated as random Poisson quantum noise, the voxel-by-voxel behavior of noise in the reconstructed CT slice is not completely random and independent. The noise is spatially correlated in a way described by the noise power spectrum (Hanson 1981) . In this study, this behavior was simplified to simulate reconstructed CT noise by adding random noise from a Gaussian distribution independently to each voxel, which is not, strictly speaking, correct. However, this simplification of noise simulation should not significantly influence the effects of the noise on DIR and the derived ventilation data, because these effects are caused by the weakened correspondence between the data sets, no matter how correlated the noise distribution is.
At low-noise levels, the RMS values of landmark TRE were stable for all the DIR algorithms. This phenomenon is consistent with another study in which the accuracy of contour mapping was compared in the presence of different noise levels (Murphy et al 2008) . This is believed to be because, similar to the intensity interface in the contour mapping situation, the landmarks are relatively easy to register, even with some noise in the images. However, the ventilation matrices generated by DIR on the 4D-CT images depend not only on those landmarks, but also on the other voxels that are not as easily distinguishable, and thus are more sensitive to noise. This is why the DSC values for the top 50% ventilation volumes between the original 4D-CT (0 added noise) and the lowest added noise level in this study (SD = 30 HU) was mostly below 0.9 for every DIR algorithm studied. This overestimation of the DIR accuracy using landmark TRE comparison could also apply to dose mapping applications since they also depend on the volumetric voxel correspondence, not just the landmarks.
As DM is based on the matching of edges and lines, for the reasons discussed above, this algorithm was least sensitive to noise when the threshold ventilation volumes were compared. DD and OF are intensity or intensity gradient based algorithms. The agreement of the threshold ventilation volumes was highest between these two algorithms for the data with no added noise. The agreement decreased with increasing noise level faster than that between DD and DM, because OF is most sensitive to noise.
Although promising results were reported by other groups (Ding et al 2012) , the ventilation matrices generated in this study were not compared with the current clinical standard. Thus the conclusion on which DIR algorithm is more accurate cannot be reached at this stage. Based solely on the landmarks TRE RMS comparison, DD appears to be the most accurate one. However, as discussed earlier, the accuracy of the ventilation matrix generated from 4D-CT by a DIR algorithm depends more on its capability to handle the structures with lower contrast, which constitute the majority of the CT image voxels. The conclusion regarding the ventilation image accuracy can only be made after the current clinical standard is used as a reference. A study of such comparison with SPECT ventilation images is planned for the near future. In the meantime, the ventilation comparison in this study is still helpful for understanding the noise effects on ventilation calculations using DIR and 4D-CT. The effect of added noise on the calculated ventilation images shows that the calculated ventilation using DIR and 4D-CT is sensitive to noise in CT images.
The accuracy and noise dependence of each DIR algorithm also depends on the implementation of the algorithm (Gu et al 2010) . This needs to be tested further when different implementations of the same algorithm are available.
It is well known that 4D-CT artifacts affect DIR more than the noise does, and consequently the artifacts would affect the ventilation calculation more as well. Typical 4D-CT artifacts include the mushroom artifact due to irregular motion of diaphragm and the residual motion in each respiratory phase. The residual motion in 4D-CT images smears image details and causes the registration errors between respiratory phases (Zhang et al 2008b) . Patients need to be trained to breathe regularly when scanned for 4D-CT to reduce the chance of mushroom artifacts.
New reconstruction and image processing algorithms may also improve 4D-CT quality with reduced radiation dose (Li et al 2005 , Tian et al 2011 , Zhang et al 2007 , Hertanto et al 2012 . These new algorithms are currently not available for clinical use. Since the quality of 4D-CT with respect to quantum noise is essential in ventilation calculation, these 4D-CT dose reduction methods should be used in acquiring high quality 4D-CT data for ventilation distribution generation when they become available.
Conclusions
Although the landmark TRE is stable when the noise level is low, the difference between ventilation images increases with the added noise level, even when that level is relatively low, indicating that 4D-CT-based ventilation imaging is sensitive to image noise. Therefore, high quality 4D-CT images are essential to derive accurate ventilation images.
